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Abstract 
Tidal dynamics in tropical estuaries have made it difficult to predict water level variations and to 

understand the interaction between river discharge and ocean forcing. This study investigated tidal wave 

propagation, attenuation, and asymmetry in the Mahakam Delta, East Kalimantan, Indonesia. The 

objective was to quantify tidal wave transformation along the estuary-upstream transect and to evaluate 

the capability of machine learning to reproduce key hydrodynamic parameters. Water level time series 

with a 10-minute interval, collected from 12 July to 4 August 2018 at an estuary station and an upstream 

station, were analysed. A Random Forest regression model with temporal lag features predicted 

upstream water level with a coefficient of determination (R-squared) of 0.883 and a mean absolute error 

of 0.150 m; the most informative lag was 60 minutes. Analysis of 34 tidal cycles showed a mean 

attenuation coefficient of 0.76, indicating hyposynchronous conditions dominated by friction. A 

machine learning model for attenuation coefficient prediction reached an R-squared of 0.968 and a 

mean absolute error of 0.084, with estuary peak water level as the most influential predictor. The delta 

exhibited flood-dominant tidal asymmetry and negligible phase lag between estuary and upstream 

peaks. These findings demonstrated that the integration of data-driven modelling and hydrodynamic 

analysis can improve the prediction of water levels and support flood risk assessment in tropical deltaic 

systems. 
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Introduction 

Tidal dynamics in tropical estuaries provide 

considerable obstacles for forecasting water 

level fluctuations and comprehending 

intricate hydrodynamic interactions. 

Efficient management of water resources, 

flood prediction, and coastal defense 

requires comprehension of the propagation, 

attenuation, and transformation of tidal 

waves as they move from estuaries to 

upstream river segments. The Mahakam 

Delta in East Kalimantan, Indonesia, 

illustrates these challenges as an extensive 

tropical river–estuary system whose 

hydrodynamics are governed by the 

combined effects of ocean tides, river flow, 

and complex channel geometry (Van et al., 

2020).  

The metamorphosis of tidal waves in 

estuaries is regulated by two opposing 

physical forces. The geometric 

convergence of estuary morphology may 

enhance tidal energy, producing 

hypersynchronous systems characterized 

by higher waves, while bottom friction 

reduces tidal energy, resulting in smaller 

waves in hyposynchronous systems 

(Khojasteh et al., 2023). These changes in 

tidal-wave propagation can also generate 

tidal asymmetry, expressed as unequal 

flood and ebb durations and current 

intensities. Such asymmetry regulates 
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residual sediment transport and sediment 

redistribution among branching estuarine 

channels, with implications for channel 

siltation, tidal-flat accretion, and longer-

term morphological change (Zhou et al., 

2025). Seasonal fluctuations in river flow 

markedly affect tidal propagation by 

changing effective friction due to 

alterations in depth and the balance 

between pressure-gradient and frictional 

forces (Tenorio-Fernandez et al., 2019). 

Classical harmonic analysis has limited 

ability to reproduce non-stationary 

estuarine water levels because tidal 

amplitudes and phases are modified by 

nonlinear interactions among river 

discharge, tidal forcing, water depth, and 

channel geometry. Although process-based 

hydrodynamic models can explicitly 

represent these interactions, they generally 

require detailed boundary conditions and 

extensive model configuration (Gan et al., 

2024). Such modelling challenges are 

pronounced in the Mahakam Delta because 

of its complex channel network, variable 

topography, and interacting riverine and 

marine forcing across the river–delta–sea 

continuum (Van et al., 2020). Traditional 

models fail to accurately represent 

nonlinear tidal dynamics and demand 

significant computing resources. Recent 

advancements in machine learning, 

specifically Random Forest and deep 

learning frameworks, present promising 

alternatives by identifying nonlinear 

relationships within tidal systems while 

offering computational efficiency benefits 

for real-time forecasting (Zhou et al., 2025; 

Lim & Zohren, 2021). Temporal lag 

characteristics in machine learning models 

have shown significant effectiveness in 

predicting tides by integrating historical 

data at different time intervals, which 

represent wave velocity and propagation 

distance via estuarine systems (Han et al., 

2024). Interpretability approaches like 

SHAP (SHapley Additive exPlanations) 

facilitate comprehension of black-box 

models by pinpointing the factors that most 

substantially affect tidal dynamics (Kim et 

al., 2023; Lundberg & Lee, 2017).  

Hydrodynamic processes and tidal 

dynamics within the Mahakam river-lake-

delta system have been extensively 

modeled using multi-scale, finite-element 

simulations and hydraulic geometry 

frameworks (de Brye et al., 2011; Sassi et 

al., 2011; Van et al., 2016). Research has 

also successfully quantified how upstream 

river flow controls tidal propagation and 

water level profiles within the system's 

freshwater reaches (Sassi & Hoitink, 2013). 

More recent data-driven studies have 

applied neural-network architectures to 

tidal rivers and estuaries, including long 

short-term memory and feed-forward 

neural networks that incorporate river 

discharge to improve non-stationary tidal 

water-level predictions (Zhang et al., 2023). 

Within the Mahakam system, other recent 

studies have focused on the morphometric 

evolution and sediment infilling of the 

upstream Mahakam Lakes (Jati et al., 2026) 

or localized sediment dynamics (Rasimeng 

et al., 2019), a critical gap remains. 

Specifically, the integration of 

contemporary, modern machine learning 

methodologies has yet to be 

comprehensively explored for quantitative 

tidal analysis in the delta. 

This study fills the gap by combining high-

resolution observational data with machine 

learning methods to quantify tidal 

attenuation coefficients and their temporal 

variations, examine spatial and temporal 

patterns of tidal asymmetry, create 

predictive models for upstream water levels 

utilizing temporal lag features, and 

determine key factors influencing tidal 

wave propagation through feature 

importance evaluation. This study seeks to 

increase scientific comprehension and 

predictive accuracy of tidal dynamics in 

tropical deltaic systems by integrating 

extensive tidal cycle research with modern 

machine learning, hence offering improved 
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instruments for water resource management 

and flood prediction. 

Methods 

Research Location 

This study was conducted in the Mahakam 

Delta, located on the eastern coast of 

Borneo Island, East Kalimantan, Indonesia 

(Figure 1). The delta occupies the low-lying 

coastal plain along the lower reach of the 

Mahakam River, bounded approximately 

by longitudes 117.15°E–117.68°E and 

latitudes 1.01°S–0.27°S. This area is 

characterized by a dense network of 

distributary channels, tidal creeks, and 

coastal wetlands that are strongly 

influenced by both river discharge and tidal 

forcing from the adjacent Makassar Strait. 

Two tidal datasets were used to represent 

the upstream and downstream boundaries 

of the study domain. The upstream 

boundary is defined by an observed tide 

station (field observation site) located in the 

upper delta at approximately 0.57746°S, 

117.2747°E, capturing water-level 

variability in the fluvial-tidal transition 

zone. The downstream boundary is 

specified using modeled water-level data 

derived from tidal surge predictions 

provided by the Geospatial Information 

Agency (BIG), representing conditions 

near the estuary mouth at approximately 

0.695061°S, 117.627144°E, where marine 

tidal influence is dominant. The modeled 

dataset was converted into a continuous 

time series using only records with valid 

timestamps and was used as a proxy for 

offshore tidal dynamics. Validation of the 

BRIN-associated tidal model against in situ 

observations in Indonesian coastal settings 

showed good agreement, with reported 

Willmott Skill Score 0.652 (Sufyan et al., 

2023). These validation results indicate the 

model reproduces the main tidal variability 

with reasonable accuracy and can serve as 

a regional offshore tidal boundary signal 

rather than a direct substitute for estuarine 

point observations. 

 
Figure 1. Research location in Mahakam Delta, East Kalimantan, Indonesia.

Data and Pre-processing 

This study uses two water level (WL) time 

series: 

1. Water Level at the Estuary Mouth 

a. Source: Model outputs from tidal surge 

predictions from BIG (Geospatial 

Information Agency). 

b. Format: Each row contains longitude, 

latitude, date, time, and elevation (m). 
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Only rows with complete date patterns 

(YYYY-MM-DD HH:MM:SS) are read 

and stored as a time series wl_estuary 

with a time index. 

2. Water Level Upstream (Upper Delta) 

a. Source: Data logger tidal station at 

Anggana. 

b. Format: Data recorded in the data logger 

with 2-minute intervals. 

Both time series are subsequently 

processed as follows: 

a. Resampled to 10-minute resolution 

(RESAMPLE_RULE = “10min”). 

• wl_estuary is linearly interpolated 

with respect to time. 

• wl_upstream is averaged within each 

10-minute interval. 

b. Inner-joined so that only time points 

with complete data at both the mouth 

and upstream are retained (Hu et al., 

2024). 

Dataset Assembly and Lag Feature 

Engineering 

To model upstream water level as a 

response to conditions at the estuary mouth, 

lag features are constructed from the 

estuarine water level with ηe(t) is qater level 

at the estuary mouth at time t. 

The use of estuarine-mouth water levels as 

predictors is physically reasonable because 

tidal signals propagate from the estuary 

mouth toward upstream locations with a 

measurable phase delay. The magnitude of 

this delay may vary spatially because of 

channel geometry, bathymetry, bottom 

friction, river discharge, and tidal forcing 

(Iglesias et al., 2019). Previous water-level 

observations also contain important 

information about the temporal evolution of 

hydrological systems and can therefore be 

used as lagged input variables in data-

driven water-level models (Liu et al., 2022; 

Gan et al., 2024). 

Accordingly, the program generates the 

following lagged features from the 

estuarine water-level series: 

𝑋(𝑡)

= 𝜂𝑒(𝑡), 𝜂𝑒(𝑡 − 10 min), 𝜂𝑒(𝑡

− 20 min), … , 𝜂𝑒(𝑡 − 60 min) 

(1) 

Lagged water-level features were 

constructed from antecedent estuarine 

water levels because historical water-level 

observations contain information on the 

temporal dependence of estuarine 

hydrodynamics and can improve short-term 

prediction performance (Gan et al., 2024). 

Each lagged variable represents the water 

level observed at the estuary mouth at a 

particular time before the corresponding 

upstream observation. These variables 

allow the model to identify delayed 

relationships between changes occurring at 

the estuary mouth and the subsequent 

response of the upstream water level. Such 

lagged representations are particularly 

useful because water-level time series 

commonly exhibit temporal dependence 

and autocorrelation, meaning that current 

water-level conditions are partly related to 

previous observations (Gan et al., 2024).  

Generating lagged variables through 

temporal shifting produces missing values 

in the first six observations because 

complete historical records are not 

available for these initial timestamps. 

Therefore, samples containing NaN values 

resulting from the shifting operation are 

removed. The remaining complete 

observations are then assembled into the 

final modelling dataset 

Extraction of Tidal Cycles and 

Hydrodynamic Metrics 

1. Tidal Peak Detection 

After resampling and temporal 

synchronization, the two water-level time 

series were denoted as wl_estuary and 

wl_upstream. The variable wl_estuary 

represents the water level at the estuary 

mouth, whereas wl_upstream represents the 

water level at the upstream station. Both 

series were expressed in meters and 
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recorded at synchronized 10-minute 

intervals (Palmer et al., 2023). 

a. The estuary water level (wl_estuary) is 

smoothed using a rolling maximum with 

a window of 5 steps (±50 minutes). 

b. A time point (𝑡est) is designated as a tidal 

peak at the estuary mouth if: 

𝜂𝑒(𝑡est)
= max

𝑡∈[𝑡est−25 min,𝑡est+25 min]
𝜂𝑒(𝑡) (2) 

High-water turning points were identified 

using a peak-based approach in which a 

tidal peak corresponds to a local maximum 

within a predefined temporal neighborhood 

(Palmer et al., 2023). 

c. For each estuary peak (𝑡est), an upstream 

peak (𝑡up) is identified as the time of 

maximum wl_upstream within a 3-hour 

window following the estuary peak: 

𝑡up = arg max
𝑡∈[𝑡est,𝑡est+3 hours]

𝜂𝑢(𝑡) (3) 

where 𝜂𝑢(𝑡) is the upstream water level. 

This procedure represents the landward 

propagation of tidal waves, which may 

experience changes in amplitude and 

timing because of friction, channel 

geometry, water depth, and river discharge 

(Hoitink & Jay, 2016). For each estuarine 

high-water peak, the corresponding 

upstream peak was defined as the 

maximum upstream water level occurring 

within the subsequent three-hour search 

window. The window length was selected 

as a study-specific criterion to 

accommodate the expected landward 

propagation time. 

2. Tidal Attenuation (Coefficient K) 

Peak heights at the estuary mouth and 

upstream are defined as: 

𝐻est = 𝜂𝑒(𝑡est), 𝐻up = 𝜂𝑢(𝑡up) (4) 

Tidal attenuation (attenuation coefficient) 

is defined as the ratio: 

𝐾 =
𝐻up

𝐻est

 (5) 

Cases where 𝐻est = 0 are eliminated to 

avoid division by zero (Khojasteh et al., 

2021; Xie & Wang, 2021). 

3. Phase Lag 

Phase lag between upstream and estuary 

mouth responses is measured as the time 

difference between the estuary peak and 

upstream peak, in minute: 

𝛥𝜑

=
𝑡up − 𝑡est

60 seconds/minute
 [minutes] 

(6) 

The high-water propagation lag was 

calculated as the difference between the 

occurrence time of the upstream and 

estuarine high-water peaks, expressed in 

minutes (Iglesias et al., 2019). 

Flood-Ebb Asymmetry (FE) 

To characterize the asymmetry between 

rising (flood) and falling (ebb) phases at 

upstream, a 12-hour segment is constructed 

around the upstream peak (Yu et al., 2020): 

segment = [𝑡up − 6 hours, 𝑡up

+ 6 hours] 
(7) 

A 12-hour analysis window centered on 

each upstream high-water peak was used as 

a study-specific approximation of one 

semidiurnal tidal cycle. Within this 

window, the preceding and subsequent low-

water turning points were identified (Yu et 

al., 2020; Wünsche et al., 2024). Within this 

segment, the following are identified: 

a. (𝑡min
before): time of minimum water level 

before the peak (flood phase onset). 

b. (𝑡min
after): time of minimum water level 

after the peak (ebb phase end). 

Flood duration is defined as the period from 

the preceding low water to the following 

high water, whereas ebb duration is the 

period from high water to the following low 

water (Wünsche et al., 2024): 

𝑇𝑓 = 𝑡up − 𝑡min
before, 𝑇𝑒 = 𝑡min

after − 𝑡up (8) 
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 (both in minutes). Flood-ebb asymmetry is 

defined as (Wünsche et al., 2024): 

FE =
𝑇𝑓

𝑇𝑒
 (9) 

If 𝑇𝑒 ≤ 0 or is undefined, the cycle is 

excluded (marked as NaN) This ratio 

represents the inequality between the rising 

and falling tidal durations (Guo et al., 2018; 

Hu et al., 2024). 

Local Tidal Range at the Estuary Mouth 

For the same cycle, the local tidal range at 

the estuary mouth is computed within the 

12-hour segment: 

TRest = max(𝜂𝑒(𝑡)) − min(𝜂𝑒(𝑡)),  𝑡

∈ [𝑡up − 6 hours, 𝑡up

+ 6 hours] 

(10) 

Local tidal range was defined as the 

difference between the maximum and 

minimum water levels within the identified 

tidal cycle (Khojasteh et al., 2021; Palmer 

et al., 2023). The 12-hour segment is used 

as a study-specific approximation for 

capturing one semidiurnal tidal cycle. 

Additionally, for each cycle: 
a. Hour of day at estuary peak: 

hour_of_day = hour(𝑡est) (11) 

The hour of day was extracted from the 

timestamp of each estuarine high-water 

peak and was included as an operational 

temporal predictor. 

b. Estuary peak level: estuary_peak_level 

= 𝐻est (Sandbach et al., 2018; Xie & 

Wang, 2021). 

Filtering of Tidal Cycles (Hydro Cycles 

Clean) 

To focus on physically realistic and 

relevant cycles, the following filtering 

criteria are applied: 

a. Minimum tidal range at estuary mouth: 

TRest ≥ 1.0 m 

Cycles with an estuarine tidal range 

below 1.0 m were excluded using a 

study-specific threshold intended to 

remove weak or poorly resolved tidal 

cycles. 

b. Realistic tidal attenuation: 

0 < 𝐾 ≤ 3.0 

Positive tidal-range ratios were retained, 

while extremely large ratios were treated 

as potential peak-matching or data-

quality outliers. The upper threshold was 

selected empirically and evaluated 

through sensitivity analysis. 

c. Reasonable phase lag: 

0 ≤ 𝛥𝜑 ≤ 60 minutes 

Only non-negative peak lags of up to 60 

minutes were retained. The upper limit 

was selected as a study-specific criterion 

based on station spacing, temporal 

resolution, and the expected order of 

high-water propagation times reported 

for shallow estuarine systems (Iglesias et 

al., 2019). 

d. Removal of entire cycles with missing 

values (NaN) in attenuation_K or 

phase_lag_min. 

This criterion ensures that the upstream 

tidal peak occurs after the estuary peak, 

consistent with the landward propagation of 

tidal waves (Iglesias et al., 2019). The 

maximum phase lag of 60 minutes is 

applied as a study-specific threshold based 

on the expected hydrodynamic response 

between the two stations. 

Machine Learning Modeling of Upstream 

Water Level 

To evaluate how far estuarine dynamics can 

explain upstream water level variations at 

the 10-minute scale, a Random Forest 

Regression model is employed with the 

following framework. Random Forest has 

been widely applied to hydrological water-

level forecasting because it can represent 

complex and nonlinear relationships 

between predictor and response variables 

(Atashi et al., 2022; Nhu et al., 2020). 

Historical water-level observations can also 

provide relevant predictors for short-term 
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estuarine water-level modeling because 

water-level time series exhibit temporal 

dependence (Gan et al., 2024). 

a. Model Structure 

Target: 

𝑦(𝑡) = 𝜂𝑢(𝑡) (upstream water level) (12) 

Features: 

x(𝑡) = [𝜂𝑒(𝑡), 𝜂𝑒(𝑡

− 10 min), … , 𝜂𝑒(𝑡

− 60 min)] 

(13) 

 
Figure 2. Data processing and machine learning workflow for estuarine and upstream tidal water level analysis. 
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The use of lagged water-level observations 

as model inputs is consistent with previous 

machine-learning studies showing that 

antecedent water levels can contribute 

substantially to subsequent water-level 

prediction (Nhu et al., 2020; Gan et al., 

2024). The Random Forest model learns a 

non-linear function (James et al., 2021): 

𝑦̂(𝑡) = 𝑓(x(𝑡)) (14) 

computed as the average prediction from 𝑁 

regression decision trees (𝑁 = 200): 

𝑦̂(𝑡) =
1

𝑁
∑ 𝑓𝑖

𝑁

𝑖=1

(x(𝑡)) (15) 

where 𝑓𝑖 is the 𝑖-th tree (James et al., 2021; 

Hosseinzadeh et al., 2023). 

b. Hydrodynamic Interpretation 

The ensemble approach provides robust 

predictions while permitting interpretation 

of feature importance. Lagged estuarine 

water levels serve as proxies for wave 

propagation and tidal signal transmission 

through the estuary-delta system. The 

model implicitly captures the phase 

relationships and tidal damping effects that 

characterize the hydrodynamics of the 

study region (Zhou et al., 2025). 

Figure 2 illustrates the workflow used to 

develop a machine-learning model for 

predicting upstream water level from 

downstream observations (Sarafanov et al., 

2020). Water-level data from the estuary 

mouth and upper-delta stations are first 

processed resampled to 10-minute 

intervals, and synchronized using matched 

timestamps. The combined dataset is then 

used to generate lagged downstream water-

level features, after which tidal cycles are 

identified and screened using physically 

plausible hydrodynamic criteria, including 

tidal range, time lag, and the absence of 

missing values. For each valid cycle, 

upstream peak water level and associated 

hydrodynamic metrics are calculated. 

Finally, these clean tidal-cycle data are 

used to train a Random Forest regression 

model, enabling prediction of upstream 

water-level peaks and supporting the 

interpretation of tidal damping and 

propagation along the estuary (Zounemat-

Kermani et al., 2020).   

 

Results and Discussion 

Tidal Data Characteristics 

This research analyzed tidal data with a 

temporal resolution of 10 minutes, gathered 

from July 12 to August 4, 2018, yielding a 

total of 3,303 observations in the Mahakam 

Delta estuary and upstream. The water 

levels in the Mahakam Delta estuary 

fluctuated between -0.970 and 1.355 m, 

whereas at the Mahakam Delta upstream, 

they varied between -0.488 and 1.690 m 

(Table 1). Figure 3 illustrates that the water 

levels at both sites exhibited a distinct 

semidiurnal tidal pattern throughout time.  

 
Figure 3. Timeseries estuary and upstream. 
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The Pearson correlation value between 

estuary and upstream water levels was -

0.072, indicating a negligible relationship. 

This indicates a negligible direct linear 

correlation between the two locations. The 

scatter plot (Figure 4) illustrates that the 

data is distributed in a complex and non-

linear manner. The data concentration 

exhibits an elliptical pattern that aligns with 

the tidal cycle. 

 

Figure 4. Scatter estuary and upstream. 

Machine Learning Prediction with 

Temporal Lag 

Table 1. Summary of Tidal Dynamics Research 

Results at Mahakam Delta Estuary and Upstream. 

Parameter Value 

Temporal data resolution 10 minutes 

Study period 
July 12 - August 

4, 2018 

Number of observations 3,303 samples 

Water level range at Mahakam 

Delta estuary 

-0.970 to 1.355 

m 

Water level range at upstream 

Mahakam Delta 

-0.488 to 1.690 

m 

R2 model 0.883 

MAE model 0.150 m 

Optimal temporal lag 
60 minutes (6 

intervals) 

Number of tidal cycles 

analyzed 
34 cycles 

Mean attenuation coefficient 

(K) 
0.762 ± 0.651 

Mean tidal range at estuary 1.571 ± 0.342 m 

Mean phase lag 0 minutes 

Mean tidal asymmetry (Fe) 0.632 ± 0.599 

 

The machine learning model using 

temporal lag characteristics achieved a 

coefficient of determination (R2) of 0.883 

and a Mean Absolute Error (MAE) of 0.150 

m (Table 1). An R2 value over 0.85 

indicates that the model accounts for 88.3% 

of the variations in upstream Mahakam 

Delta water levels by using estuarine 

Mahakam Delta data with a temporal. This 

performance parallels experiments using a 

multilayer perceptron to forecast tides in 

estuaries, achieving R2 values as high as 

0.97 (Guillou & Chapalain, 2021).  

The optimal time lag identified was 60 

minutes (comprising 6 periods of 10 

minutes), indicating that it takes about one 

hour for the tidal signal to propagate from 

the Mahakam Delta estuary to the upstream 

Mahakam Delta. Machine learning 

methodologies, particularly Recurrent 

Neural Networks (RNN) and hybrid 

systems, are the most promising approach 

to modeling complex physical processes in 

tidal rivers and estuaries. The efficacy of 

the lag-feature model confirms a substantial 

time-dependent link between tidal 

dynamics at the Mahakam Delta estuary 

and the resultant reactions at the upstream 

Mahakam Delta.  

Tidal Cycle Analysis and Attenuation 

An analysis of 34 tidal cycles revealed 

important characteristics of tidal wave 

propagation in the studied Mahakam Delta 

system. The tidal attenuation coefficient 

(K) exhibited a mean value of 0.762 ± 

0.651, however its distribution varied 

significantly (Figure 5). 

 
Figure 5. Distribution of tidal attenuation (raw 

cycles). 

The histogram distribution indicates that 

the majority of cycles (about 43) had little 

attenuation (K around 0). The majority of 
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cycles have low K values, indicating a 

hyposynchronous condition. This indicates 

that frictional effects surpass the geometric 

convergence of the estuary, resulting in the 

attenuation of tidal waves as they propagate 

from the estuary to the upstream Mahakam 

Delta. In hyposynchronous deltas, bottom 

friction and riverbank resistance are the 

primary factors influencing tidal amplitude 

decrease in inland areas (Khojasteh et al., 

2021). In hypersynchronous systems, 

geometric convergence dominates, leading 

to tidal amplification. The mean tidal range 

of the Mahakam Delta estuary was 1.571 ± 

0.342 m, indicating that the region was in a 

mesotidal condition (Khojasteh et al., 

2021). The alteration in tidal range results 

from the spring-neap cycles prevalent in 

semidiurnal tidal systems (Garel et al., 

2021; Xie & Wang, 2021).  

Phase Lag and Tidal Asymmetry  

The research indicated that the mean phase 

lag between tidal maxima in the Mahakam 

Delta estuary and the upstream Mahakam 

Delta was 0 minutes for all cycles studied. 

This result suggests that the dominant belief 

that tidal wave propagation requires 

measurable travel time may need 

reconsideration. In the higher reaches of 

tidal rivers, river discharge may entirely 

govern incoming tidal attenuation. In some 

instances, river flow may postpone or alter 

tidal effects (Sassi & Hoitink, 2013).  

The mean tidal asymmetry value (Fe) was 

0.632 ± 0.599, indicating that the Mahakam 

Delta system analyzed had a greater 

propensity for flooding than for ebbing. 

Flood-dominant tidal asymmetry is 

characterized by a reduced flood duration 

compared to ebb length, resulting in 

heightened peak currents during the flood 

phase. Shallow-water impacts, friction, 

and/or inadequate exchange between deep 

channels and intertidal zones may 

asymmetrically affect tidal timing and 

amplitude (Spicer et al., 2023). Flood 

dominance often transports material into 

interior regions (upstream of the Mahakam 

Delta) during periods of slow to moderate 

river flow (Friedrichs & Aubrey, 1994). 

Nonetheless, seasonal variations in river 

flow may significantly influence tidal 

asymmetry. For instance, elevated 

discharge during wet seasons may amplify 

tidal amplitudes in the lower reaches due to 

non-linear effects, while concurrently 

diminishing tidal amplitudes in the 

upstream Mahakam Delta due to increased 

friction damping (Yu et al., 2020).  

Feature Importance in Water Level 

Prediction 

The machine learning model for forecasting 

water levels in the upstream Mahakam 

Delta indicated that temporal lag elements 

derived from estuary data are crucial for 

identifying tidal propagation patterns. 

Figure 6 illustrates the outcomes of a 

feature importance study conducted using 

the Random Forest model. The 

characteristic with the greatest relevance 

value is lag 6 (60 minutes), at 0.508, 

followed by lag 0 (present observation), at 

0.309. These two primary characteristics 

together account for 81.8% of the overall 

model relevance. Historical data with the 

greatest lag and real-time estuary data from 

the Mahakam Delta are important for 

forecasting upstream water level conditions 

(Anggraini et al., 2024). These findings 

align with previous studies indicating that 

including temporal lag factors can improve 

prediction accuracy in systems with 

complex temporal dynamics (Liu et al., 

2025). 

 
Figure 6. Feature importance-water level random 

forest model. 
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The development of a machine learning 

model to predict the tidal attenuation 

coefficient yielded exceptional results, with 

a R² value of 0.968 and a mean absolute 

error (MAE) of 0.084 (Table 2). The 

precision of this forecast indicates that the 

model effectively simulated the movement 

of tidal waves from the Mahakam Delta 

estuary to the upstream Mahakam Delta. 

The histogram of filtered attenuation 

distribution (Figure 7) exhibits a more 

concentrated pattern compared to the raw 

histogram. The majority of tidal cycles 

have attenuation coefficients ranging from 

0 to 0.5, indicating that the Mahakam Delta 

experiences very hyposynchronous 

circumstances. Figure 8 presents a scatter 

plot depicting the relationship between 

attenuation and estuary tidal range. This 

indicates that the two variables are 

intricately connected. Generally, increased 

attenuation occurs more often when the 

tidal range is reduced, particularly within 

the 1.0–1.5 m interval. Conversely, 

attenuation varies significantly at greater 

tidal ranges (> 2.0 m). This pattern 

indicates that the attenuation coefficient in 

the Mahakam Delta system is influenced by 

factors outside the tidal amplitude of the 

estuary. The interaction of river bottom 

topography, friction, and discharge also 

influences it (Khojasteh et al., 2023; Su & 

Jiang, 2023). 

 
Figure 7. Distribution of tidal attenuation (filtered 

cycles). 

 

Table 2. Performance of machine learning models for predicting tidal hydrodynamic parameters at Mahakam 

Delta. 

Parameter Model R2 MAE RMSE 

Water level (upstream) Regression with lag features 0.883 0.150 m — 

Attenuation coefficient (K) Random Forest 0.968 0.084 0.114 

Tidal asymmetry (Fe) Random Forest 0.786 0.318 0.114 

Phase lag (minutes) Classifier 0.0 — — 

 

 
Figure 8. Tidal attenuation and estuary tidal range 

(filtered cycles) 

Figure 9 illustrates an examination of 

feature importance for predicting 

attenuation. The paramount characteristic is 

the highest water level in the Mahakam 

Delta estuary, which has a significance 

value of 0.776. This element is far more 

critical than the others, indicating that the 

local tidal amplitude at the estuary is the 

primary determinant influencing the 

magnitude of attenuation as waves 

propagate upwards. This conclusion aligns 

with studies demonstrating that peak water 

levels substantially affect the degree of 

shallow-water distortion and friction 

experienced by tidal waves (Su & Jiang, 

2023). 

 
Figure 9. Feature importance-tidal attenuation. 
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Figure 9 presents the Random Forest 

feature-importance analysis for predicting 

the tidal attenuation coefficient. Estuary 

peak water level was identified as the most 

important predictor, with a feature-

importance value of 0.776. This value was 

substantially higher than those of the other 

predictors, indicating that water-level 

conditions at the estuary boundary strongly 

influenced the landward transmission of the 

tidal signal. This interpretation is physically 

plausible because tidal propagation and 

attenuation in estuarine channels depend on 

the magnitude of tidal forcing and its 

interaction with bottom friction, river 

discharge, and channel geometry (Wang et 

al., 2021; Wu et al., 2022). This conclusion 

aligns with studies demonstrating that peak 

water levels substantially affect the degree 

of shallow-water distortion and friction 

experienced by tidal waves (Su et al., 

2023). 

Influence of Tidal Range on Attenuation 

Table 3. Attenuation characteristics based on large 

tide vs. small tide groups at Mahakam Delta 

Estuary. 

Characteristic Large Tide Small Tide 

Number of cycles 24 10 

Mean tidal range 

(m) 

1.718 ± 0.236 1.218 ± 0.055 

Median 

attenuation 

coefficient 

0.379 0.956 

Mean attenuation 

coefficient 

0.625 ± 0.562 1.088 ± 0.771 

 

The investigation, categorized by tidal 

range size (Table 3), revealed significant 

disparities in attenuation characteristics 

between large and small tides. The median 

attenuation coefficient was 0.379, whereas 

the mean was 0.625 during times of 

significant tidal fluctuations, with a mean 

range of 1.718 m (n=24 cycles). 

Conversely, during times of minor tides 

with a mean range of 1.218 m (n=10 

cycles), the median attenuation coefficient 

increased to 0.956, while the mean reached 

1.088. This indicates that damping was 

more pronounced during periods of reduced 

tidal amplitude. There are scientific 

explanations for this peculiar phenomenon 

that first seem illogical. During high tide, 

the energy of the tidal wave increases, 

resulting in relatively significant 

amplitudes in the upstream reach despite 

the presence of friction. Conversely, during 

times of low tides, diminished wave 

amplitudes render friction effects 

comparatively more significant, resulting in 

elevated attenuation coefficients (Su & 

Jiang, 2023). This conclusion highlights the 

importance of data stratification based on 

spring-neap circumstances in the 

examination of complex tidal dynamics. 

Phase Lag and Tidal Asymmetry Models 

Presents a study of the significance of each 

feature in predicting phase lag. All 

characteristics have significance values 

around zero, aligning with empirical 

estimates indicating a mean phase lag of 0 

minutes for all examined cycles. This 

indicates that certain circumstances in the 

Mahakam Delta during the research period 

resulted in simultaneous tidal maxima 

occurring at the estuary and upstream, 

despite the temporal delay of physical wave 

transmission (Zhou et al., 2025).  

The tidal asymmetry prediction model (Fe) 

performed adequately, although not as well 

as the attenuation model. The model 

exhibited a R2 of 0.786 and a mean absolute 

error (MAE) of 0.318 (Table 2). The 

asymmetry model yields more varied 

predictions due to several variables 

influencing tidal asymmetry, including 

non-linear interactions among various tidal 

components, changes in bottom 

topography, and fluctuations in river flow.  

These results highlight the relative 

robustness of the attenuation model in 

capturing local tidal characteristics and 

their hydrodynamic implications. The 

attenuation model (R2 = 0.968) outperforms 

the asymmetry prediction model (R2 = 

0.786), indicating that local tidal parametric 

properties provide more precise predictions 

of attenuation coefficients. This concerns 

the deterministic properties of tidal wave 
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propagation governed by continuity and 

momentum equations (Niesten et al., 2024). 

Tidal asymmetry arises from complex 

overtide interactions and non-linear 

constituent interactions. This complicates 

predictions using linear or semi-linear data-

driven models (Kim et al., 2024).  

The comprehensive synthesis of studies 

reveals that the Mahakam Delta system 

exhibits hydrodynamic characteristics 

typical of expansive tropical 

hyposynchronous estuaries. The significant 

influence of estuary tidal amplitude on 

attenuation coefficients indicates that 

bottom friction is the primary component 

governing this system (Khojasteh et al., 

2023). As tidal waves go upstream, they 

dissipate energy due to friction, and their 

morphology alters as a result of shallow-

water phenomena. This exacerbates the 

imbalance of flood dominance (Su & Jiang, 

2023). 

 
Figure 10. Sensitivity of Random Forest 

performance to different train/test split. 

Figure 10 shows the sensitivity of the 

Random Forest model to different train/test 

partitions. The model achieved the highest 

performance at smaller test fractions, with 

R2 values of 0.882, 0.883, and 0.880 for test 

fractions of 0.15, 0.20, and 0.25, 

respectively, and still remained relatively 

strong at a test fraction of 0.30 with R2 = 

0.838. However, performance declined 

further when the test fraction increased to 

0.35, where R2 dropped to 0.770, while 

MAE and RMSE increased from 0.142 m 

and 0.194 m at the 0.15 split to 0.207 m and 

0.286 m at the 0.35 split, respectively. 

These variations indicate that the estimated 

predictive performance was sensitive to the 

amount of data allocated to training and 

testing. In time-series forecasting, 

performance estimates can vary across 

testing periods because observations are 

temporally dependent and may exhibit non-

stationary behavior; therefore, evaluation 

procedures should preserve temporal order 

and, where possible, examine performance 

across multiple testing periods (Bergmeir et 

al., 2018; Cerqueira et al., 2020). The 

relatively consistent performance across 

test fractions of 0.15–0.30 reduces, 

although does not eliminate, concern that 

the reported model skill resulted from a 

single favorable partition. Moreover, the 

simultaneous evaluation of R2, MAE, and 

RMSE provides a more comprehensive 

assessment than reliance on R2 alone, 

because a high coefficient of determination 

does not necessarily imply low forecast 

error or reliable predictive performance 

(Hewamalage et al., 2023). Therefore, 

Figure 10 provides evidence of the model’s 

temporal robustness within the observed 

study period, while also showing that its 

predictive accuracy was not uniform across 

all train/test partitions.  

Conclusion 

This study successfully integrated high-

resolution observational data with machine 

learning techniques to investigate tidal 

wave propagation and attenuation in the 
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Mahakam Delta, East Kalimantan, 

Indonesia. The Mahakam Delta exhibits 

strongly hyposynchronous characteristics, 

with a mean attenuation coefficient of 

0.762 ± 0.651, indicating that frictional 

effects dominate over geometric 

convergence as tidal waves propagate 

upstream. The Random Forest model 

achieved exceptional predictive accuracy 

(R2 = 0.883, MAE = 0.150 m) for upstream 

water level prediction using temporal lag 

features, with the optimal lag identified at 

60 minutes. The attenuation coefficient 

prediction model (R2 = 0.968, MAE = 

0.084) identified estuary peak water level 

as the dominant factor controlling tidal 

wave energy dissipation, accounting for 

77.6% of feature importance. The result 

that median attenuation is higher during 

small tides (0.956) than during large tides 

(0.379) indicates a non-linear interaction 

between wave energy and friction. 

Additionally, the Mahakam Delta exhibits 

flood-dominant tidal asymmetry (Fe = 

0.632 ± 0.599) with a mean phase lag of 

zero minutes between estuary and upstream 

tidal peaks. 

These findings advance our understanding 

of tropical deltaic hydrodynamics and 

demonstrate the efficacy of machine 

learning for complex tidal systems. The 

integration of temporal lag features with 

feature importance analysis provides 

interpretable insights into physical wave 

propagation mechanisms while maintaining 

predictive power. The developed models 

offer practical applications for water 

resource management, flood forecasting, 

and navigation safety in the Mahakam 

Delta and comparable tropical estuarine 

systems. Future research should 

incorporate seasonal variations in river 

discharge, explore deep learning 

architectures for extended forecasting 

horizons, and validate model performance 

across multiple years to capture climate 

variability impacts. Enhanced 

understanding and predictive capabilities 

will support adaptive coastal management 

in regions highly vulnerable to tidal 

flooding and climate change impacts. 
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